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Multilayer Convolutional Sparse Modeling:
Pursuit and Dictionary Learning
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Algorithm 3: Multi-Layer Convolutional Dictionary
Learning

Data: Training samples {yj } & 1.—1, initial convolutional
dictionaries {D;}~ |
for k=1,...,K do
Draw y at random;
Sparse Coding:
v < argmin [[yx — DUyla + Al ;
Update Diltunaries:
for:=1L,....,2 do
fort=1,...,T do
L | DI H, [DE -9V (D) ;

fort=1,...,T do
| DI« Df - V(D)) :
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Method Test Error
Stacked Denoising Autoencoder (3 layers) [49] 1.28%
k-Sparse Autoencoder (1K units) [22] 1.35%
Shallow WTA Autoencoder (2K units) [23] 1.20%
Stacked WTA Autoencoder (2K units)[23] 1.11%
ML-CSC (1K units) - 2nd Layer Rep. 1.30%
ML-CSC (2K units) - 2ndé&3rd Layer Rep. 1.15%

DeNet: Scalable Real-time Object Detection
with Directed Sparse Sampling
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Figure 1. A high level flow diagram depicting the DeNet method-
ology. The CNN's are highlighted in blue, the novel components
in purple and the outputs in yellow. The sampling bounding box
dependency Bg (highlighted in red) is held constant during back
propagation to produce an end-to-end trained model. The cor-
ner distribution and final classification distribution are jointly op-
timized using cross entropy loss.
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Deep Sparse Representations for Land-Use
Scene Classification in Remote Sensing

Images

o HFRIBRDEIABR

Fig. 1. The pipeline of the proposed DSR. We transfer the pre-trained CNN
for extracting deep features by removing all FC layers. Here, the pre-trained
CNN is exemplified by the widely-used “5 conv layers + 3 FC layers™ CNN

architecture.
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